Abstract. Hepatocellular carcinoma (HCC) is one of the most common malignant neoplasms worldwide, however the underlying mechanisms and gene signatures of HCC are unknown. In the present study the profile datasets of four cohorts were integrated to elucidate the pathways and candidate genes of HCC. The expression profiles GSE25097, GSE45267, GSE57957 and GSE62232 were downloaded from the Gene Expression Omnibus database, including 436 HCC and 94 normal liver tissues. A total of 185 differentially expressed genes (DEGs) were identified in HCC, including 92 upregulated genes and 92 downregulated genes. Gene ontology (GO) was performed, which revealed that the upregulated DEGs were primarily enriched in cell division, mitotic nuclear division, mitotic cytokinesis and G1/S transition of the mitotic cell cycle. Pathway enrichment was analyzed based on the Kyoto Encyclopedia of Genes and Genomes database to assess the functional relevance of DEGs. The most significant module was selected from protein-protein interactions and 15 important hub genes were identified. The sub-networks of hub genes were involved in cell division, p53 signaling, and T lymphotropic virus type I infection signaling pathways. In conclusion, the present study revealed that the identified DEG candidate genes may promote the understanding of the cause and molecular mechanisms underlying the development of HCC and that these candidates and signal pathways may be potential targets of clinical therapy for HCC.
Introduction
Hepatocellular carcinoma (HCC) is one of the most common malignant neoplasms worldwide (1) . Its incidence is particularly high in China (2) on account of hepatitis B (HBV) and C (HCV) infection. However, in the western world, HCC is primarily due to non-alcoholic fatty liver disease (NAFLD) (3, 4) . The aggressive nature of this malignancy combined with the limited therapeutic options result in poor prognosis (1, 5) . Unfortunately, HCC has a high recurrence rate even with successful surgical removal because of the insensitivity of HCC to chemotherapy agents and radiotherapy (6) . Although there have been extensive previous studies on the molecular mechanism of HCC formation and progression, the causes of HCC are not yet clear. Hence, owing to the high morbidity and mortality in HCC, it is very important to determine the underlying molecular mechanisms and pathological processes and identify suitable molecular biomarkers for early HCC diagnosis.
While HCC is a highly heterogeneous tumor, with different genetic compositions and multifaceted molecular pathogenesis (7, 8) , it is also a slow process during which plenty of genomic alterations accumulate and change the hepatocellular phenotype, leading to cellular intermediates and multiple monoclonal that evolve into HCC (9, 10) . Microarray technology has become an indispensable tool to monitor genome wide expression levels of genes in a given organism. Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) are two public functional genomics data repositories accepting data from diverse microarray platforms (11) . Nowadays, gene expression studies by microarray have been performed to uncover molecular variations in HCC (12) (13) (14) . Pathway analysis has shown several important cellular signaling pathway alterations to be linked with the main pathogenic mechanism (8) . A small number of hub genes (proteins) were identified as key modulators in HCC metastasis by using protein-protein interaction (PPI) network. However, the most significantly dysregulated genes from previous studies are inconsistent because of the sample heterogeneity in independent studies, small sample size, and different statistical methods.
In the present study, four original microarray datasets GSE25097, GSE45267, GSE57957, and GSE62232 were downloaded from the NCBI-Gene Expression Omnibus database (NCBI-GEO) (available online: https://www.ncbi.nlm.nih.gov/geo/), and included 436 HCC and 94 normal liver tissues. The microarray data was normalized and preprocessed using the robust multi-array average algorithm (RMA). The differentially expressed genes (DEGs) were obtained using the limma package. Venny was applied to filter the overlapping DEGs among groups. Gene ontology (GO) and pathway enrichment analysis were also performed for annotation and visualization with DAVID and KEGG PATHWAY (Available online: http://www.genome.jp/kegg). We used the STRING online database (Available online: http://string-db.org) to annotate functional interactions of DEGs. The most significant module was selected from PPI, and 15 important hub genes were identified. The sub-networks of hub genes were involved in cell division, p53 signaling and HTLV-I infection signaling pathways.
Materials and methods
Microarray data information and data preprocessing. The microarray data from GSE25097, GSE45267, GSE57957, and GSE62232 were downloaded from the GEO database (http://www.ncbi.nlm.nih.gov/geo/). The microarray data of GSE25097 was based on GPL10687 platforms (Rosetta/Merck Human RSTA Affymetrix 1.0 microarray, Custom CDF; Affymetrix Inc., Santa Clara, CA, USA). The microarray data of GSE45267 was based on GPL570 platforms (HG-U133_ Plus_2, Affymetrix Human Genome U133 Plus 2.0 Array). The microarray data of GSE57957 was based on GPL10558 platforms (Illumina HumanHT-12 v4.0 expression beadchip). The microarray data of GSE62232 was based on GPL570 platforms (HG-U133_Plus_2, Affymetrix Human Genome U133 Plus 2.0 Array). We chose these four datasets for integrated analysis, because they represented different racial populations. The microarray data was preprocessed using the RMA with the Affy and limma package in Bioconductor (v1.46.1; http://www.bioconductor.org/). Background correction, normalization, and calculation of expression were all included in the preprocessing stage. The microarray data probe was transformed to gene symbols with Bioconductor Annotation Data software packages. If several probes were mapped to one gene symbol, the mean value was set as the final expression value of this gene. The DEGs in every group were analyzed using the limma package. In Bioconductor. The DEG P-values were calculated using the unpaired or paired Student's t-test provided by the limma package. P<0.01 and [logFC]>1 were used as cut-off criterion for DEGs. Hierarchical clustering analysis of the DEGs was then performed and visualized using g-plots in the R package. Venny is an interactive tool used to compare lists with Venn diagrams. The intersections of upregulated and downregulated genes in different sample groups were respectively analyzed using Venny v2.0.
GO and pathway enrichment analysis. Candidate DEG functions and pathway enrichment were analyzed using multiple online databases; among them, DAVID is a website with gene annotation, visualization, and integrated discovery function, and can thus provide gene biological meaning. GO analysis and pathway analysis were carried out using the KEGG PATHWAY (available online: http://www.genome.jp/kegg), Reactome (available online: http://www.reactome.org), and GO website, with P<0.01 as the cut-off criterion (15, 16 
Results

Identification of DEGs in HCC.
NCBI-GEO is a public functional genomics data repository accepting data from diverse microarray platforms, from which gene expression profiles of HCC and normal or adjacent liver tissue from the GSE25097, GSE45267, GSE57957, and GSE62232 databases were obtained. The microarray data of GSE25097 had 268 HCC tissues and 6 normal liver tissues (18) ; the GSE62232 data had 81 HCC tissues and 10 normal liver tissues (12) ; the GSE45267 data included 48 HCC tissues and 39 healthy liver tissues; and the GSE57957 data had 39 pairs of HCC tissues and matched paraneoplastic tissue (19) . Using P<0.01 and [logFC]>1 as cut-off criterion, we extracted 1072, 1850, 4055, and 1876 DEGs from the expression profile datasets GSE25097, GSE45267, GSE57957, and GSE62232, respectively. In total, 185 overlapping DEGs were identified in HCC (Fig. 1) . However, when we determined the intersections of upregulated and downregulated genes in four sample groups using Venny, one gene was excluded because of it's contradictory expression in different groups. So, we ultimately identified 92 upregulated genes and 92 downregulated genes (Table I) .
DEGs GO analysis in HCC.
DEGs GO analysis was conducted with the online softwares DAVID and Gene Ontology. The DEGs were classified into three functional groups: Biological process group, molecular function group, and cellular component group ( Fig. 2A ). As shown in Fig. 2B and Table II , cell division, mitotic nuclear division, and G1/S transition of mitotic cell cycle are the most abundant groups in the ʻbiological processʼ category, with each accounting for about 20% of upregulated genes. In contrast, downregulated genes were mainly enriched in signal transduction and proteolysis. For the molecular function category, protein binding (71.7%) was the predominant group among upregulated genes, followed by ATP binding (25%) and DNA binding (18.5%), while the downregulated genes were mainly signed to the calcium ion binding and serine-type endopeptidase activity groups. For the cellular component group, upregulated genes were mainly enriched in the nucleoplasm, nucleus, and cytoplasm, and the downregulated genes were mainly enriched in the extracellular region, extracellular space, and extracellular exosome.
Signaling pathway enrichment analysis. To investigate functional and signaling pathway enrichment of the gene signatures, we performed a pathway analysis using online websites of DAVID and KEGG (http://www.genome. jp/kegg/) pathways and GO. The upregulated DEGs were mainly enriched in DNA replication, cell cycle, HTLV-I infection, oocyte meiosis, and p53 signaling pathway, while the downregulated DEGs were mainly enriched in metabolic pathways, caffeine metabolism, mineral absorption, thyroid hormone signaling pathway, and AMPK signaling pathway (Table III, Fig. 3 ).
Key candidate genes and pathways identification with DEGs protein-protein interaction network (PPI) and modular analysis.
Based on the analysis in the STRING database (Available online: http://string-db.org) (20) and Cytoscape software (17) , relevant protein-protein interactions (PPI) were obtained and visualized, containing 184 nodes and 1166 edges (Fig. 4A) . After a topological analysis, 15 genes with a node degree ≥36 (i.e., each node had more than 10 connections/interactions) were selected as representative hub genes. The most significant 15 node degree genes were TOP2A, PCNA, CCNB2, AURKA, CDKN3, BUB1, RFC4, CEP55, DLGAP5, MCM2, PRC1, RACGAP1, TPX2, CDC20, and MCM4. Based on the degree of importance, one significant module was chosen for further analysis through Cytotype MCODE from the PPI network complex. Pathway enrichment analysis showed that Module 1 consisted of 33 nodes and 507 edges (Fig. 4B, Table IV ), which are mainly associated with DNA replication, cell cycle, switching of origins to a post-replicative state, and activation of ATR in response to replication stress by pathway enrichment analysis. TPX2 GPSM2 IGSF3 CCDC34 ZIC2 ANLN SMYD3 RACGAP1 NUP37 SULT1C2 AURKA ATP6V1C1  TTC13 KIF4A THY1 SQLE MCM5 TMEM106C MELK ZWINT OIP5 PTTG1 TARBP1 STMN1 UBE2T  CKS2 TP53I3 SLC38A6 TBCE CCNB2 MCM7 PRC1 CEP55 CCNE2 MTHFD1L MCM2 MCM4 CNIH4  DLGAP5 RAD51AP1 RAP2A COL4A1 GPC3 CDKN2C PLVAP PIGC C8orf33 DTNA NEK2 FANCD2  RFX5 COL15A1 GSTA4 ERMP1 MCM3 PCNA CENPA CDC20 RFC4 BUB1 PBK RFXANK TRIP13  PDCD2 P4HA2 SMC2 TMEM9 ASPM CDCA3 ATAD2 PEA15 UBE2C STXBP6 MICB MDK TOP2A  TUBG1 RNASEH2A CAP2 FAM83D HMMR MCM6 GMNN KIF20A SAE1 CDKN2A TTK CDKN3 E2F3  NCAPG FDPS 
184 DEGs were identified from four profile datasets, including 92 upregulated genes and 92 downregulated genes in the hepatocellular carcinoma tissues, compared to normal liver tissues. The upregulated genes were listed from the largest to the smallest of fold changes, and downregulated genes were listed from the smallest to largest of fold changes. DEGs, differentially expressed genes. Validation of the DEGs in cBio portal dataset. To further confirm the validity of the identified DEGs, cBio portal, an online integrated data mining system, was used to analyze the genetic alteration of genes. Among the four HCC studies analyzed (12, 21, 22) , alterations ranging from 15.2 to 68.9% were found including the gene sets submitted for analysis (Fig. 5A) . The most pronounced genomic changes observed across samples from the TCGA study was presented using OncoPrint. Two genes, UBE2T and CCNE2, with the largest mutation frequency found based on the TCGA database in HCC were also identified as the hub genes in this study. The results showed low mutation frequency of the three hub genes-TOP2A, PCNA, and AURKA in HCC samples-investigated in the present study (Fig. 5B) , but in the TCGA breast cancer, the three genes showed high alteration frequency (23,24) (Fig. 5C) . Thus, the roles of TOP2A, PCNA, and AURKA as biomarkers in HCC progression and histological grading should be investigated more systematically.
Discussion
HCC is one of the most common malignant neoplasms worldwide. Advanced-stage HCC is notoriously difficult to treat. Although various causes and underlying mechanisms of HCC formation and progression have been revealed by several basic and clinical studies in the past several decades, the worldwide incidence and mortality of HCC is still very high. Different from a single genetic or cohort study, this study analyzed four original microarray datasets, including 436 HCC and 94 normal liver tissues. In total, 185 DEGs were identified in HCC, including 92 upregulated genes and 92 downregulated genes. GO was performed, which showed that the upregulated DEGs were mainly enriched in cell division, mitotic nuclear division, mitotic cytokinesis, and G1/S transition of the mitotic cell cycle. Pathway enrichment was analyzed based on the KEGG database to assess the functional relevance of DEGs. On the basis of the analysis in the STRING database and Cytoscape software, relevant PPIs were obtained and visualized that contained 184 nodes and 1166 edges. The most significant 15 hub genes were selected, including TOP2A, PCNA, CCNB2, AURKA, CDKN3, BUB1, RFC4, CEP55, DLGAP5, MCM2, PRC1, RACGAP1, TPX2, CDC20, and MCM4. Cell cycle-related gene TOP2A (DNA topoisomerase II alpha) encodes a DNA topoisomerase, an enzyme that controls and alters the topologic states of DNA during transcription. In many cancers including breast, ovarian, colon, and small-cell lung cancers, TOP2A has also been shown as a valuable prognostic marker for tumor grading, recurrences, and a predictor of poorer patient survival (25) (26) (27) . In this study, TOP2A is the top degree hub gene and overexpressed in tumor tissue compared to adjacent non-tumoral or normal tissue. Consistent with our studies, Wong et al (28) , used microarrays to examine 22 HCC cell lines; their array-based transcriptional mapping results showed that TOP2A was upregulated in 14/22 cell lines through DNA copy gains. Furthermore, TMA analysis of 172 liver tumors showed that TOP2A expressions significantly correlated with advanced histological grading, microvascular invasion, aggressive biological behavior, and chemotherapy resistance. High-grade TOP2A expressions showed significantly lower overall survival. Thus, TOP2A as a biomarker in histological grading and a target in chemotherapy resistance should be investigated more systematically. The second hub gene PCNA, proliferating cell nuclear antigen, encodes the protein which is found in the nucleus and is a cofactor of DNA polymerase delta and involved in the RAD6-dependent DNA repair pathway in response to DNA damage. Owing to its function in cell proliferation, PCNA plays an important role in cancer progression (29) . Combined hepatocellular-cholangiocarcinoma (CHC) is a malignant subtype of primary liver tumor containing elements of both HCC and intrahepatic cholangiocarcinoma (ICC). In patients who underwent hepatectomy with curative intent, nontumor ductular reactions (DRs) produced by hepatic progenitor cells (HPCs) in nontumor liver tissue were an independent prognostic indicator for disease-free survival (DFS) and overall survival (OS). PCNA could label the index of the ductular reaction (PI-DR). A higher level of PI-DR contributes to intratumoral HPC activation (30) , fibrosis, hepatocyte replication, and hepatic inflammation which is predictive of a high recurrence rate. Moreover, increased PI-DR expression was also associated with multicentric occurrence (MO) and microvascular invasion (MVI) of HCC (31) . However, several studies found conflicting results, which showed that PCNA had little prognostic value in tumor tissue (32, 33) . Because one part of PCNA trimers was not engaged in DNA synthesis (34) . Similar to the PCNA function in maintaining the stability of chromosomal replication and segregation in cellular mitosis, another gene-aurora kinase A (AURKA)-was found upregulated in our experiment. AURKA is a cell cycle regulated kinase that appears to be involved in microtubule formation. A clinical trial by Jeng et al (35) , showed that AURKA was overexpressed in 137 (61%) of 223 patients with HCC. AURKA overexpression coincided with portal vein tumor invasion, regardless of tumor size. Furthermore, AURKA was found involved in p53 signaling pathway and interacted directly with p53 mutation (36) . Aurora-A and p53 mutation had a synergistic effect promoting tumor progression and poor prognosis (35) . In p53-altered (deleted or mutated) liver cancer, the tumor suppressor protein p19 ARF was activated and mediated G2/M cell cycle arrest. MYC, a proto-oncogene, was overexpressed and directly bound to AURKA, which stabilized MYC to overcome G2 to M cell cycle arrest and promote tumor cell survival. A previous study found conformation-changing AURKA inhibitors could prevent formation of MYC-AURKA complexes and hence, degradation of MYC (37) . Therefore, therapeutic strategy targeting MYC-AURKA complexes could be considered for this subtype of HCCs.
Besides the cycle-related pathways and p53 signaling, T lymphotropic virus type I (HTLV-I) infection-related biological processes and pathways were also identified in our study. HTLV-1 infection, especially combined with HCV infection, increased HCC mortality (38) . Tax, an HTLV-I oncoprotein, contributes to chromosome aneuploidy, cytokinesis failure, and multinucleated cells primarily by directly binding and activating the CDC20-associated anaphase promoting complex (APC CDC20 ) during S phase to delay mitotic progression and faulty mitosis (39) . Other DEGs in our study associated with HTLV-I infection-related pathway were FDPS, CDC20, E2F, CDKN2A, CDK2N2C, PTTG1, and PCNA.
Consistent with our studies, Jin et al (40) , analyzed gene expression profiles GSE6222, GSE41804, and GSE51401 that contained 117 samples, including 54 cases and 63 controls from which 1347 DEGs were identified, including 2920 upregulated genes and 2231 downregulated genes. The top 10 hug genes were SPINK1, TOP2A, ASPM, GPC3, ANLN, SULT1C2, CCNB1, PEG10, CDKN3, and ECT2. The main pathway of the identified DEGs were those involved in cell cycle and oocyte meiosis, which were also identified in our study. However, Jin's study was based on a dataset only generated from Chinese and Japanese patients. Different from Yin's report, we analyzed four datasets generated from American, Chinese, Singaporean, and French patients, thereby representing different populations. Apart from cell cycle-related pathways, HTLV-I infection and p53 signaling pathway were identified, because the incidence of NAFLD and steatohepatitis was high in European and American patients (41, 42) .
HCC is a group of complex and heterogeneous tumors. The mechanism mainly involves chromosomal and microsatellite instability (43) , and the later involves the inactivation or mutation of DNA mismatch repair genes. Our study found chromosomal instability-related genes including BUB, PCNA, CDC20, and AURKA. The characteristics of HCC cannot be explained only by analysis of gene expression profiles, although gene expression profiles could reveal some of the underlying mechanism in cancer progression. Various factors should be explored, including gene mutation, methylation, miRNA, and lncRNA, which could likely participate in HCC carcinogenesis and chemotherapy resistance. For instance, TSLNC8, a long intergenic noncoding RNA on chromosome 8p12, was characterized as a novel tumor suppressor by modulating the IL-6/STAT3 signaling pathway and being inversely correlated with HCC embolus, nodules, and differentiation stage (44) . A clinical trial based on 2079 cirrhotic patients with long term follow-up found that the incidence of HCC induced by the etiology of cirrhosis was different. Chronic viral hepatitis patients had a higher cumulative risk of HCC than those with primary biliary cirrhosis and NAFLD, while those with autoimmune liver diseases (AIH) had the lowest risk (45) .
Taken together, in our study we have identified 185 DEG candidate genes using integrated bioinformatical analysis, and found 15 mostly changed hub genes, which were significantly enriched in cell cycle process, DNA replication, p53 signaling, and HTLV-I infection-related biological processes and pathways. These findings could promote our understanding of the cause and molecular mechanisms underlying the development of HCC, and these candidate and signal pathways could be the targets of clinical therapy for HCC.
